Recognizing the writer of a handwritten document has been an active research area over the last few years and is at the heart of many applications in biometrics, forensics and historical document analysis. In this paper, we present a novel approach for text-independent writer recognition from Arabic handwritten documents. To characterize the handwriting styles of different writers involved in the evaluation of our approach, we have used two texture methods based on edge hinge features and run-lengths features. The efficiency of the proposed approach is demonstrated experimentally by the classification of 1375 handwritten documents collected from 275 different Arabic writers.
Introduction
Writer recognition based on handwritten documents is a hot and promising research topic in the field of pattern recognition due to its various applications; it is a classical pattern recognition problem [1] . The classification task in pattern recognition is to assign a pattern to one class out of a set of classes. In this paper, a pattern is a sample of handwritten text and a class represents a writer. Writer recognition is the process of automatically recognizing who is writing on the basis of individual information included in handwritten documents. Writer recognition refers to two different tasks: Writer identification and writer verification. Writer identification determines which writer provides a given handwriting form amongst a set of known writers. Writer verification consists to decide on two handwritten documents and determine if they are written by the same writer or by two different writers.
Writer recognition approaches can be categorized into two distinct families: textdependent approaches and text-independent approaches: In text-dependent approaches, the writer must write exactly a predefined or a given text. The text-independent writer recognition is a process of identifying or verifying the identity of the writer without constraint on the text content.
Writer recognition systems are involved in many applications such as biometric recognition [2, 3, 4, 5] , personalized handwriting recognition systems [6] , automatic forensic document examination [7] , classification of ancient manuscripts [8] and smart meeting rooms [9] . That is the reason why many efforts have been made in order to improve writer recognition methods.
Up to now, researchers in the field of Text-Independent Writer Recognition have mainly focused on the statistical approach. This has led to the specification and extraction of statistical features such as slant distribution, entropy, and edge-hinge distribution. We found that the edge-hinge distribution feature outperforms all other statistical features [2] . Therefore, the aim of this paper is to compare our improved run-lengths features with edge hinge features.
The remaining of the paper is organized as follows: in the first section, we give a brief overview on some significant recent contributions to Arabic writer recognition. In the next part, we introduce the database used in our study, followed by the description of our proposed approach. The following section presents the experimental results and their analysis. Finally, we give a conclusion with some future research directions.
Arabic Writer Recognition: A Survey
Writer recognition from Arabic handwritten documents has not been addressed as extensively as writer recognition from Latin or Chinese handwritten documents until the last few years. The first study dates back to 2005 when Al-Zoubeidy et al [10] proposed the use of multichannel Gabor filtering and gray-scale co-occurrence matrices to characterize the writing style of writers. Gazzah et al [11] combined local and global features. Global features were extracted with 2D DWT using lifting scheme but the local features describe the morphological variations of writing (lines height, ascenders slant and diacritical dots features). Al-Dmour et al [12] presented a feature extraction technique based on hybrid spectral-statistical measures (SSMs) of texture. Bulacu et al [2] proposed an approach based on the combination of textural with allographic features. Joint directional probability distributions and grapheme-emission distributions are extracted independently of the textual content of the written samples. The authors conducted an analysis of the combination of textural and allographic features and showed that the combination of these features improves the performances.
Abdi et al [13] proposed a method based on the combination and the cooperation of six feature vectors computed from the minimum perimeter polygon (MPP) contours of Arabic words. These feature vectors are in the form of probability distribution functions (PDFs), and are based on the length, direction, angle and curvature measurements. In [14] the authors calculate the fractal dimensions for images by using the "Box-counting" method, and calculate the multi-fractal dimensions of images by using the method of DLA (Diffusion Limited Aggregates).
Awaida et al [15] addresses writer identification of Arabic handwritten digits. A combination of Gradient, curvature, density, horizontal and vertical run lengths, stroke, and concavity features is used for characterization of the writing samples.
Al-Ma'adeed et al [16] evaluated the performance of edge-based directional probability distributions as features and moment invariants and words' measurements such as area, length, height, length from baseline to upper edge and length from baseline to lower edge in Writer identification.
Chen et al [17] proposed a method for detecting and removing ruling lines from the handwritten documents and tested its utility for Arabic Writer identification through series of experiments. Their preliminary results show that, under realistic assumptions where ruling lines are expected to have different properties across the collection, e.g., thickness, spacing, etc., removing them significantly improves identification performances.
Feature Extraction
In our work, two texture analysis methods are implemented and used for characterizing Arabic handwritings, these methods are : Run-Length distribution [18] and edgehinge distribution [19] .
Run-Length Features
To characterize the writing style of different writers involved in the evaluation of our writer recognition methods, we compute the probability distribution of run-lengths features, which are determined on a binary image taking into consideration the black pixels corresponding to the ink trace and the white pixels corresponding to the background. There are four scanning methods: horizontal, vertical, left-diagonal and rightdiagonal. We calculate the runs-lengths features using the grey level run-length matrices and the histogram of run-lengths is normalized and interpreted as a probability distribution function (PDF). The method considers horizontal, vertical, left-diagonal and right-diagonal white run-lengths as well as horizontal, vertical, left-diagonal and rightdiagonal black run-lengths extracted from the image of the handwritten document.
The run-lengths features we propose to use here give information on the average width of the letters, the density of writing, the structure of the letters, the average size of the letters, the ink width, the characters position, the regions enclosed inside the letters and also the empty spaces between letters and words, the regularity and irregularity of handwriting and finally the slope in handwriting.
We have used the set of features proposed here in the ICDAR'2011 Writer Identification Contest [20] , we have also used a part of these features in the ICDAR'2011 Arabic Writer Identification Contest [21] and in the ICDAR'2011 Music Scores Competition: Staff Removal and Writer Identification [22] . We have obtained interesting results in these competitions.
Edge-Hinge Features
Edge-hinge distribution is a feature that characterizes the changes in direction of a writing stroke in handwritten text [19] . The edge-hinge distribution is extracted by means of a window that is slid over an edge-detected binary handwriting image. Whenever the central pixel of the window is on, the two edge fragments (i.e. connected sequences of pixels) emerging from this central pixel are considered. Their directions are measured and stored as pairs. A joint probability distribution P(φ1, φ2) is obtained from a large sample of such pairs. An example of an angle pair is shown in Figure 1 . 
Writer Recognition
Once the handwriting samples have been represented by their respective features, we need to compute the distances between respective features to define a (dis)similarity between two handwriting samples. We tested three distance measures including: Euclidean distance, Chi-square distance and Manhattan distance. In our experimentations, Manhattan distance performed the best. In writer identification task, the efficiency of the considered features has been evaluated using nearest-neighbor classification [2] in a leave-one-out strategy. Explicitly, one document (a query document) is chosen and extracted from the total of 1375 documents (note that the experimental dataset contains 5 documents written by each of 275 writers), then the distances between the features vector of the chosen document and the features vectors of all of the remaining 1374 documents are computed. For a query document, we don't only find the Top-1 but a longer list up to a given rank (Top-10) thus increasing the chance of finding the correct writer in the retrieved list.
For writer verification, we compute the distance between two given documents and consider them as being written by the same writer if the distance falls within a predefined decision threshold. Beyond the threshold value, we consider that the documents are written by different writers. By varying the acceptance threshold, the ROC curves are computed and the verification performance is quantified by the Equal Error Rate (EER): the point on the curve where the False Acceptance Rate (FAR) equals the False Rejection Rate (FRR). The lower is EER value, the higher is the accuracy of the system.
Experimental Study
The experimental study was carried out on the writing samples from the IFN/ENIT database [23] which is the unique Arabic handwriting publicly available database. It consists of forms with handwritten Arabic town/village names collected from 411 subjects (binary images at 300 dpi resolution). Most writers filled in 5 forms. This database was designed for training and testing recognition systems for handwritten words and was used for the ICDAR 2005 Arabic OCR competition [24] . The IFN/ENIT database was used also in [2, 3, 4, 5, 13] for writer identification and verification because the writer information was recorded. We have extracted the handwriting from the scanned forms. The text content is variable and the samples contain a limited amount of handwriting: only 12 names and 12 zip codes of Tunisian towns/villages. In our writer identification and verification experiments, we used the data concerning 275 writers with 5 samples per writer. Horizontal run-lengths on white pixels 120 f2
Left-diagonal run-lengths on white pixels 120 f3
Vertical run-lengths on white pixels 120 f4
Right-diagonal run-lengths on white pixels 120 f5
Horizontal run-lengths on black pixels 264 f6
Left-diagonal run-lengths on black pixels 264 f7
Vertical run-lengths on black pixels 264 f8
Right-diagonal run-lengths on black pixels 264 f9
Edge-hinge with fragment of 5 pixels 1024 f10
Edge-hinge with fragment of 6 pixels 1600 f11
Edge-hinge with fragment of 7 pixels 2304 f12
Edge-hinge with fragment of 8 pixels 3136
To evaluate the proposed approach, we have conducted two types of experiments: the first one is designed to evaluate the result we can reach by using individually each studied feature vector. Whereas the second type aims at testing the result we can reach by combining the studied feature vectors. For writer identification task, we report the Top 1, Top 5 and Top 10 identification rates while for writer verification task, we present the Equal-Error-Rate (EER).
For each feature, Table 1 summarizes the corresponding number, the description and the dimension, whereas Table 2 presents the performance of the individual features detailed in the above sections. Although the feature performances vary significantly, it can be noticed that the edge-hinge features (f9-f12) outperform the runlengths features (f1-f8), with f12 (Edge-hinge with fragment of 8 pixels) achieving the best results both on identification and verification tasks. Table 3 summarizes some of the combinations we have tested. For writer identification, the highest rate we have reached stands at 93.53% in Top 1, 98.47% in Top 5 and 99.13% in Top 10 when combining run-lengths on white and black pixels with edge hinge with fragment of 8 pixels (f1-f8, f12). For the verification task, we achieve an EER of 4.78% when combining run-lengths on white and black pixels with edge hinge with fragment of 8 pixels (f1-f8, f12). The ROC curves for some of the feature combinations have been illustrated in figure 2 .
When comparing the recognition performance across the two types of features, it can be seen that the identification and verification results are much poor when using run-lengths with individual features but that is comparable with the edge hinge features when we combine all the run-lengths features. Since the IFN/ENIT database has been widely used in evaluating writer identification and verification tasks, it would be interesting to present a comparative overview of the proposed methods. Table 4 summarizes the performance of the most recent studies on writer identification and verification on this dataset. Bulacu & al [2] currently hold the best performance results with 88% in Top 1 and 99% in Top 10 on 350 writers in identification task and EER of 5.8% in verification task. We have achieved an identification rate of 88.07% in Top 1, 96.87% in Top 5 and 98.54% in Top 10 by using the run-lengths features and we have improved the results by combining the run-lengths features with edge hinge features to achieve an identification rate of 93.53% in Top 1, 98.47% in Top 5 and 99.13% in Top 10 and an EER of 4.78%. 
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Conclusion and Future Work
We have proposed here a new writer recognition method based on Arabic handwriting. The strength of this method is demonstrated experimentally by the classification of 1375 Arabic handwriting images from 275 different writers. Comparisons of improved run-lengths features with the edge hinge features demonstrate that the runlengths features possess good discriminatory information and that a good method of extracting such information is the key to success of the classification. The method that has been proposed here is mainly text-independent. In our future work, text-dependent writer identification will be considered and can include signature verification methods. A comparison between the two approaches will then be conducted. Currently, our work is based on the extraction of global features, but further work will focus on the use of local features. An integrated system will be considered by combining both local and global features to produce more reliable classification accuracy.
